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ACCURATE AND INTERPRETABLE tion , or can be learned from the description , or can be 
CLASSIFICATION WITH HARD ATTENTION learned through practice of the embodiments . 

One example aspect of the present disclosure is directed 
RELATED APPLICATIONS to a computer system that performs classification with hard 

5 attention . The computing system includes a machine learned 
This application claims priority to U.S. Provisional Patent classification model . The machine learned classification 

Application No. 62 / 848,945 , filed May 16 , 2019. U.S. model includes a representation model configured to receive 
Provisional Patent Application No. 62 / 848,945 is hereby and process an input that comprises a plurality of portions to 
incorporated by reference in its entirety . generate a plurality of sets of features respectively for the 

10 plurality of portions of the input . The machine learned 
FIELD classification model includes a classification model config 

ured to receive and process the plurality of sets of features 
The present disclosure relates generally to machine learn to generate respective classification data for each of the 

ing . More particularly , the present disclosure relates to plurality of portions of the input . The machine learned 
machine - learned models and training techniques therefor 15 classification model includes an attention model configured 
that are capable of generating classifications for inputs ( e.g. , to receive and process the plurality of sets of features to 

select , at each of one or more iterations , an attended portion images ) using hard attention , thereby improving the inter of the plurality of portions of the input . At each of the one pretability of the classifications . or more iterations , the machine - learned classification model 
20 is configured to output a respective prediction that comprises BACKGROUND the respective classification data for the attended portion of 

the input selected by the attention model at such iteration . Artificial neural networks and other machine learned The computing system includes one or more processors and models achieve state - of - the - art performance across many one or non - transitory computer - readable media that store 
different tasks , including classification tasks . For example , 25 instructions that , when executed by the one or more proces 
convolutional neural networks ( CNNs ) achieve state - of - the- sors cause the computer system to perform operations . The 
art performance across many image classification tasks . operations include obtaining the input that comprises the 
However , because neural networks such as CNNs compute plurality of portions . The operations include inputting the 
a nonlinear function of the input , their decisions are difficult input into the machine learned classification model . The 
to interpret . 30 operations include receiving , at each of the one or more 

Thus , despite the success of convolutional neural net- iterations , the respective prediction as an output of the 
works ( CNNs ) across many computer vision tasks , they machine learned classification model . 
have been slowly deployed in some critical applications , Other aspects of the present disclosure are directed to 
largely due to the inability to interpret CNN predictions . In various systems , apparatuses , non - transitory computer - read 
particular , CNNs compute very complex functions of their 35 able media , user interfaces , and electronic devices . 
inputs , which make it unclear what aspects of the input These and other features , aspects , and advantages of 
contributed to the prediction . various embodiments of the present disclosure will become 

Although many researchers have attempted to design better understood with reference to the following description 
methods to interpret CNN and other machine leaned model and appended claims . The accompanying drawings , which 
decisions , it is unclear whether these explanations faithfully 40 are incorporated in and constitute a part of this specification , 
describe the models that they are intended to explain . illustrate example embodiments of the present disclosure 
Additionally , adversarial machine learning research has and , together with the description , serve to explain the 
demonstrated that small changes to pixels of the image can related principles . 
change classifier decisions , which underscores the unintui 
tive nature of CNN classifiers . BRIEF DESCRIPTION OF THE DRAWINGS 
One interesting class of models that offers more interpre 

table decisions are “ hard ” visual attention models . These Detailed discussion of embodiments directed to one of 
models often rely on a controller that selects relevant parts ordinary skill in the art is set forth in the specification , which 
of the input to contribute to the decision , which provides makes reference to the appended figures , in which : 
interpretability by design . These models are inspired by 50 FIG . 1 depicts a block diagram of an example machine 
human vision , where the fovea and visual system process learned classification model according to example embodi 
only a limited portion of the visual scene at high resolution , ments of the present disclosure . 
and top - down pathways control eye movements to sequen- FIG . 2 depicts a block diagram of an example machine 
tially sample salient parts of visual scenes . learned classification model according to example embodi 

Although models with hard attention perform well on 55 ments of the present disclosure . 
simple datasets such as MNIST , it has been challenging to FIG . 3 depicts a block diagram of an example saccader 
scale these models from small tasks to real world images . cell according to example embodiments of the present 
Furthermore , training hard attention models with only class disclosure . 
label supervision is challenging . For example , in large scale FIG . 4A depicts a block diagram of an example comput 
images , the action space is high dimensional and the reward 60 ing system according to example embodiments of the pres 
is sparse which often leads to failure of the optimization ent disclosure . 
process . FIG . 4B depicts a block diagram of an example comput 

ing device according to example embodiments of the present 
SUMMARY disclosure . 

FIG . 4C depicts a block diagram of an example comput 
Aspects and advantages of embodiments of the present ing device according to example embodiments of the present 

disclosure will be set forth in part in the following descrip- disclosure . 

45 
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FIG . 5 depicts a flow chart diagram of an example method system and methods of the present disclosure allow for the 
to train and use a machine learned classifier model with hard more widespread use of machine learning and , therefore , 
attention according to example embodiments of the present enable improved processing speed and prediction accuracy 
disclosure . to be achieved for new domains and use cases . Furthermore , 
FIG . 6 illustrates an example input image . 5 the systems and methods of the present disclosure provide 
Reference numerals that are repeated across plural figures for classifications with state - of - the art accuracy relative to 

are intended to identify the same features in various imple- other hard attention approaches . Thus , more accurate clas 
mentations . sifications can be produced which enable downstream pro 

cesses to operate with increased accuracy and efficiency . 
DETAILED DESCRIPTION As another example technical effect and benefit , in the 

past , the training of hard attention models without attention 
Overview supervision has been challenging , resulting in low accuracy 

and poor attention locations . The difficulty stems from the 
Generally , the present disclosure is directed to novel fact that it is hard to explicitly quantify what are the salient 

machine learned classification models that operate with hard 15 places in an image for a given decision . For example , in 
attention to make discrete attention actions . The present large scale images such as ImageNet , the action space is high 
disclosure also provides a self - supervised pre - training pro- dimensional and the reward is sparse which often leads to 
cedure that initializes the model to a state with more frequent failure of the optimization process . Failure of the optimiza 
rewards . Given only the ground truth classification labels for tion process results in wasted computing resources such as 
a set of training inputs ( e.g. , images ) , the proposed models 20 processor usage , memory usage , and network usage . How 
are able to learn a policy over discrete attention locations ever , the present disclosure provides a pretraining procedure 
that identifies certain portions of the input ( e.g. , patches of that can be used to precondition the model to a good initial 
the images ) that are relevant to the classification . In such point where reward is not sparse for the policy gradient 
fashion , the models are able to provide high accuracy optimization . This results in the optimization process having 
classifications while also providing an explicit and interpre- 25 a much greater rate of success . As such , the systems and 
table basis for the decision . methods of the reduce consumption of computing resources 
More particularly , models that employ hard attention such as processor usage , memory usage , and network usage . 

make decisions based on only a subset of an input ( e.g. , a U.S. Provisional Patent Application No. 62 / 848,945 
subset of pixels in an input image ) . In computer vision or describes example implementations of the systems and 
other image processing applications , this typically takes the 30 methods of the present disclosure as well as example experi 
form of a series of square “ glimpses ” of the image . mental results for such example implementations . U.S. 

Models with hard attention are difficult to train with Provisional Patent Application No. 62 / 848,945 is fully 
gradient - based optimization . To make training more rac incorporated into and forms a portion of the present disclo 
table , other models have resorted to soft attention . Typical 
soft attention mechanisms rescale features at one or more 35 With reference now to the Figures , example embodiments 
stages of the network . The soft masks used for rescaling of the present disclosure will be discussed in further detail . 
often appear to provide some insight into the model's 
decision - making process , but the model's final decision may Example Machine - Learned Models 
nonetheless rely on information provided by features with 
small weights . FIG . 1 depicts a block diagram of an example machine 

In contrast , the present disclosure proposes a novel hard learned classification model 10 according to example 
visual attention model and a novel training procedure to embodiments of the present disclosure . The example 
train that model . The proposed model and training procedure machine learned classification model 10 is configured to 
overcomes the problems of high dimensionality and sparse receive a set of input data 20 that includes a plurality of 
rewards that make hard attention models hard to optimize . 45 portions . The machine learned classification model 10 is 
The proposed model finely discretizes the action space to configured to process the input data 20 to produce , for each 
many portions ( e.g. , overlapping portions of an input of one or more iterations , a prediction 30 for each iteration . 
image ) , which allows attending to relevant features in the The input data 20 can describe any type of input includ 
input ( e.g. , image ) while overcoming the complexity of ing , as examples , image data , audio data , and / or textual data . 
dealing with continuous action spaces . In some implemen- 50 The portions of the input data 20 can be overlapping or 
tations , the model can be trained using a pretraining proce- non - overlapping . As one example , the portions of the input 
dure to precondition the model to a good initial point where data 20 can include overlapping patches of an image . As 
reward is not sparse for the policy gradient optimization . another example , the portions of the input data 20 can 

The present disclosure provides a number of technical include portions ( e.g. , words , phonemes , n - grams , graph 
effects and benefits . As one example technical effect and 55 emes , or other portions ) of text data . As another example , the 
benefit , the machine learned classification models described portions of the input data 20 can include embeddings or 
herein operate to provide a classification with hard attention other pre - processed representations of portions of an input . 
outputs . Thus , the portions of the input that were relied upon As yet another example , the portions of the input data 20 can 
to arrive at the classification are explicitly identified . This include portions of sensor data generated by one or more 
makes the classification provided by the model much more 60 sensors . 
interpretable to humans , which enables the application of the The prediction 30 for each iteration can include a classi 
classification model to various problems to be significantly fication for the input data 20 relative to a number of classes 
more viable . That is , for certain problems where the basis for ( e.g. , along with identification of specific one of the portions 
decisions are required or should be interpretable , machine of the input data 20 that led to such classification ) . The 
learning technology has not been previously applied and , 65 classification can be a binary classification or can take the 
therefore , its resulting benefits such as speed of inference form of a confidence score , probability value , or other 
and high accuracy have not been received . As such , the numerical representation of the classification . 
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According to an aspect of the present disclosure , the More particularly , as illustrated in FIG . 2 , the represen 
machine learned classification model 10 can include a rep- tation model can include a representation network . The 
resentation model 12 , a classification model 14 , and an representation network can be a convolutional neural net 
attention model 16. Each of the models 12 , 14 , and 16 can work that learns features from patches at different locations 
be or include various types of machine learned models , as 5 of the image 202. In some implementations , any convolu 
are described elsewhere herein , including but not limited to tional network with limited receptive field can be used to 
artificial neural networks ( hereafter simply " neural net- scan different parts of the image 202 to form image features 
works ” ) . Example neural networks include convolutional at different locations , which are illustrated in FIG . 2 as the 
neural networks . “ image features tensor . ” As one example , the “ BagNet ” 

The representation model 12 can be configured to receive 10 architecture can enable learning of these representations 
and process the input data 20 that includes the plurality of efficiently without scanning in one pass . As an example , a 
portions to generate a plurality of sets of features 22 respec- ResNet architecture can be used where most 3x3 convolu 
tively for the plurality of portions of the input data 20. Thus , tions are replaced with 1x1 convolutions in order to limit the 
one set of features 22 can be generated for each portion of receptive field of the model and strides are adjusted to obtain 
the input data 20 . 15 a higher resolution output . One example representation 

The classification model 14 can be configured to receive network has a receptive field of size 63x63 and computes 
and process the plurality of sets of features 22 to generate 2048 features vectors at different places in the image 202 
respective classification data 24 for each of the plurality of separated by only 8 pixels . For images of size 224x224 this 
portions of the input . For example , the respective classifi- maps to 361 possible attention locations in an image . 
cation data 24 produced by the classification model 14 for 20 The example classification model illustrated in FIG . 2 can 
each of the plurality of portions of the input 20 can be or perform a 1xl convolution with ReLU activation to encode 
include a logit vector that provides values for each of a the image feature representations into a 512 - dimensional 
number of candidate classification labels . feature space ( shown in FIG . 2 as the " what ” features ) . The 

The attention model 16 can be configured to receive and classification model can then apply another 1x1 convolution 
process the plurality of sets of features 22 to select , at each 25 to produce the 1000 - dimensional logits tensor for classifi 
of the one or more iterations , an attended portion 26 of the cation . Introducing this 512 - dimensional bottleneck can 
plurality of portions of the input . As illustrated in FIG . 1 , in provide a small performance improvement over the original 
some implementations , the attention model 16 can also BagNet model . 
receive data from the classification model 14 ( e.g. , internal The attention model can include an attention network and 
representations from the classification model 14 which may 30 a saccader cell . The attention network can be configured to 
be referred to as an intermediate classification ) and the receive and process the image features tensor ( and , option 
attention model 16 can use such data in furtherance of ally , the what features ) to produce an intermediate attention 
selecting the attended portion 26 for each iteration . representation ( illustrated in FIG . 2 as the “ mixed features ” ) . 

At each of the one or more iterations , the machine learned In particular , as illustrated in FIG . 2 , the attention network 
classification model 10 can be configured to output the 35 can include a convolutional network ( shown as the “ location 
respective prediction 30 that comprises the respective clas- network ” ) that operates on the 2048 image features tensor . 
sification data 24 for the attended portion 26 of the input As one example , the location network can include six 
selected by the attention model 16 at such iteration . For convolutional layers alternating between 3x3 and 1xl con 
example , at each iteration , a hard attention operation 28 can volutional layers each followed by batch normalization and 
be performed to select the classification data 24 that is 40 ReLU activation . The dimensionality can be reduced every 
associated with the attended portion 26 selected by the two layers , from 2048 to 1024 to 512 location features ( e.g. , 
attention model 16 . shown as the “ where ” features ) . The what and where fea 
As described elsewhere herein , in some implementations , tures can then be concatenated and mixed using a linear 1x1 

a final classification can be generated from the predictions convolutional layer to a tensor with 1024 features ( F ) ( e.g. , 
30 for all of the iterations . As one example , generating the 45 shown as the “ mixed features ” ) . 
final classification can include averaging the respective The saccader cell can be configured to , for each of one or 
predictions 30 received for the one or more iterations to more iterations : obtain the intermediate attention represen 
obtain an averaged prediction ; and selecting a highest scor- tation ( e.g. , the “ mixed features ” ) and produce a location , 
ing class from the averaged prediction as the final classifi- which may , for example , correspond to a specific one of the 
cation . 50 portions of the input . For each iteration , a hard attention 
As another example , FIG . 2 depicts a block diagram of an operation can be performed for the location and the logits to 

example machine - learned classification model 200 accord- produce the prediction for such iteration . 
ing to example embodiments of the present disclosure . In particular , as an example , FIG . 3 depicts a block 
Similar to the example model 10 of FIG . 1 , the machine- diagram of an example saccader cell according to example 
learned classification model 200 of FIG . 2 includes a rep- 55 embodiments of the present disclosure . As illustrated in FIG . 
resentation model , a classification model , and an attention 3 , at each iteration the saccader call can : obtain the inter 
model . The machine learned classification model 200 of mediate attention representation ( e.g. , the “ mixed features ” ) 
FIG . 2 operates to produce one or more predictions for an and obtain a cell state associated with a most recent iteration . 
image 202 . The cell state can identify which portions of the input have 

In particular , to understand the intuition behind the illus- 60 been selected as attended portions in previous iterations . 
trated model architecture , imagine one uses a trained image Next , at each iteration , the saccader cell can combine the 
classification model and applies it at different locations of an intermediate attention representation and the cell state asso 
image to obtain logits vectors at different locations . To find ciated with the previous iteration to produce a location 
the correct label , one could average the logits at the different probability distribution over the plurality of portions of the 
locations , and to find a salient location on the image , one 65 input ; select the attended portion based on the location 
could pick the image patch the elicits the largest response on probability distribution ; and update the cell state for use in 
the correct label channel . a next iteration based on the attended portion . 
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In some implementations , the saccader cell can be con- training class labels as supervision . First , the representation 
figured to combine the intermediate attention representation model ( e.g. , representation network ) can be pretrained . As 
and the cell state associated with the previous iteration such one example , the representation model ( e.g. , representation 
that the location probability distribution is effectively zero network ) can be pretrained by optimizing the following 
for portions that have been selected as attended portions in 5 objective : 
previous iterations 

More particularly , as one example illustrated in FIG . 3 , 
the saccader cell can take the mixed what and where features ( 4 ) 
F and output a location to saccade to at each iteration . The Pe ( yrarget | X ' ) mm 
cell can include a 2D state ( C4 ) that keeps track of the visited 10 J ( 0 ) = -log 0 ? 
locations until iteration t by placing 1 in the corresponding 
location in the cell state . This cell state can be used to Pelyk | Xij ) hw 
prevent the network from returning to previously seen 
locations . The saccader cell can first select relevant spatial 
locations from F and then select feature channels based on 15 
the relevant locations : where XÜER 63x63x3 is the image patch at location ( i , j ) y 

is the target class , c = 1000 is the number of classes , o are the 
representation model parameters , and A is a hyperparam 

Fijak exp ( GM ) ( 1 ) eter . This objective is simply the cross entropy loss com - 10 % C574 Cluske ?a 20 puted based on the average logits across all possible loca exp ( Gimnk ) tions plus l -regularization on the model weights . 
( 2 ) Second , the attention model can be pre - trained to emit exp ( hi ) § h = Fljke Gibile che = glimpse locations ordered by descending order of maximum 

? exp ( h , ) logit . As one example , the following objective can be 
optimized : 

??? . 
k = 1 i = 1 j = 1 

target 

Gijk ijk h w & ( m = l n = 1 

= ijk d 
i = l j = 1 

25 p = 1 

? N 

= 110,11 C - 1 ) + Š ? + 
t = 1 i = 1 

0 

361 is the 

t 224x 

where h and w are the height and width of the output features 
from the representation network , d is the dimensionality of ( 5 ) 
the mixed features , and a?Rd is a trainable vector . A large 30 J ( n ) = -log | ( larget | X , 
negative number multiplied by the state ( e.g. , -10 % C , 1-7 ) 
can be used to mask out previously used locations . Next , the 
saccader cell can compute a weighted sum of the feature where a larget is the t " sorted target location , i.e. , larger is channels and performs a spatial softmax : the location with largest maximum logit , and Itarget 

35 location with the smallest maximum logit . Ten target IX , 
C - l ) is the probability the model gives for attending to 

exp ( R ; ) ( 3 ) 
Fijkhs – 10 C ; ; location a ltarget at iteration t given the input image XER ? 

224x3 and cell state C - 1 , i.e. ? , where ( i , j ) = ?target . The exp ( Rimn ) parameters n are the weights of the attention model . For this 
40 step , one example setting is T = 12 . 

? reflects the model's policy over glimpse locations . At Finally , the whole model can be trained to maximize the 
test time , the model extracts the logits at iteration t from the expected reward , where the reward ( re { 0,1 } ) represents 
representation network at location whether the model final prediction after 6 glimpses ( T = 6 ) is 

correct . In particular , in some implementations , the training 
system can use the REINFORCE loss for discrete policies , 

argmaxí Ríj ) . cross entropy loss and f2 - regularization . The parameter 
update is given by the gradient of the objective : 

R ; = – " Ky = = 

h w t 
k = 1 

m = 1 n = 1 

45 

T 

== ?? - ?- . c : " ) } " - . t = 1 

? 

N 
t = 1 

+ RIN ? ? 
i = 1 

k = 1t = 1 

The final prediction can be obtained , for example , by 50 ( 6 ) 
averaging the extracted logits across all iterations . J ( 0 , 1 ) = log 110.7 ( l's | X , CS - ? ) || ( rs – b ) + 

Example Training Procedures 

The models described herein can be trained based on a set 55 M Poly : arget | X ) 1/7 
of training data that includes , for example , example training m - log 0 
inputs that are labeled with a ground truth classification . For E Il Pelyk | X + ) 1 / T | XO example , the ground truth classification can apply to the 
input as a whole , rather than to specific portions of the input . 
As one example , the ImageNet dataset can be divided into 60 
training and validation subsets and then used to train and where S = 2 such that two trajectories 1 , are sampled at each 
validate the model . For example , the model can be trained on time from a categorical distribution with location probabili 
the training subset and hyperparameters can be chosen based ties given by Ten ( 1 | X , C - 1 ) , b is the average accuracy of the 
the on validation subset . All results can then be computed on model computed on each minibatch , and X * denotes the 
a separate test subset . 65 image patch sampled at iteration t . The role of adding b and 

According to an aspect of the present disclosure , a three the S Monte Carlo samples is to reduce variance in the 
step training procedure can be performed using only the gradient estimates . 
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As example hyperparameter settings , in each of the above sensitive component ( e.g. , a touch - sensitive display screen 
steps , the model can be trained for 120 epochs using or a touch pad ) that is sensitive to the touch of a user input 
Nesterov momentum of 0.9 . object ( e.g. , a finger or a stylus ) . The touch - sensitive com 

ponent can serve to implement a virtual keyboard . Other 
Example Devices and Systems 5 example user input components include a microphone , a 

traditional keyboard , or other means by which a user can 
FIG . 4A depicts a block diagram of an example comput- provide user input . 

ing system 100 according to example embodiments of the The server computing system 130 includes one or more 
present disclosure . The system 100 includes a user comput- processors 132 and a memory 134. The one or more pro 
ing device 102 , a server computing system 130 , and a 10 cessors 132 can be any suitable processing device ( e.g. , a 
training computing system 150 that are communicatively processor core , a microprocessor , an ASIC , a FPGA , a 
coupled over a network 180 . controller , a microcontroller , etc. ) and can be one processor 

The user computing device 102 can be any type of or a plurality of processors that are operatively connected . 
computing device , such as , for example , a personal com- The memory 134 can include one or more non - transitory 
puting device ( e.g. , laptop or desktop ) , a mobile computing 15 computer - readable storage mediums , such as RAM , ROM , 
device ( e.g. , smartphone or tablet ) , a gaming console or EEPROM , EPROM , flash memory devices , magnetic disks , 
controller , a wearable computing device , an embedded com- etc. , and combinations thereof . The memory 134 can store 
puting device , or any other type of computing device . data 136 and instructions 138 which are executed by the 

The user computing device 102 includes one or more processor 132 to cause the server computing system 130 to 
processors 112 and a memory 114. The one or more pro- 20 perform operations . 
cessors 112 can be any suitable processing device ( e.g. , a In some implementations , the server computing system 
processor core , a microprocessor , an ASIC , a FPGA , a 130 includes or is otherwise implemented by one or more 
controller , a microcontroller , etc. ) and can be one processor server computing devices . In instances in which the server 
or a plurality of processors that are operatively connected . computing system 130 includes plural server computing 
The memory 114 can include one or more non - transitory 25 devices , such server computing devices can operate accord 
computer - readable storage mediums , such as RAM , ROM , ing to sequential computing architectures , parallel comput 
EEPROM , EPROM , flash memory devices , magnetic disks , ing architectures , or some combination thereof . 
etc. , and combinations thereof . The memory 114 can store As described above , the server computing system 130 can 
data 116 and instructions 118 which are executed by the store or otherwise include one or more machine learned 
processor 112 to cause the user computing device 102 to 30 models 140. For example , the models 140 can be or can 
perform operations . otherwise include various machine learned models . 

In some implementations , the user computing device 102 Example machine learned models include neural networks 
can store or include one or more machine learned models or other multi - layer non - linear models . Example neural 
120. For example , the machine learned models 120 can be networks include feed forward neural networks , deep neural 
or can otherwise include various machine learned models 35 networks , recurrent neural networks , and convolutional neu 
such as neural networks ( e.g. , deep neural networks ) or other ral networks . Example models 140 are discussed with ref 
types of machine learned models , including non - linear mod- erence to FIGS . 1-3 . 
els and / or linear models . Neural networks can include feed- The user computing device 102 and / or the server com 
forward neural networks , recurrent neural networks ( e.g. , puting system 130 can train the models 120 and / or 140 via 
long short - term memory recurrent neural networks ) , convo- 40 interaction with the training computing system 150 that is 
lutional neural networks or other forms of neural networks . communicatively coupled over the network 180. The train 
Example machine learned models 120 are discussed with ing computing system 150 can be separate from the server 
reference to FIGS . 1-3 . computing system 130 or can be a portion of the server 

In some implementations , the one or more machine- computing system 130 . 
learned models 120 can be received from the server com- 45 The training computing system 150 includes one or more 
puting system 130 over network 180 , stored in the user processors 152 and a memory 154. The one or more pro 
computing device memory 114 , and then used or otherwise cessors 152 can be any suitable processing device ( e.g. , a 
implemented by the one or more processors 112. In some processor core , a microprocessor , an ASIC , a FPGA , a 
implementations , the user computing device 102 can imple- controller , a microcontroller , etc. ) and can be one processor 
ment multiple parallel instances of a single machine learned 50 or a plurality of processors that are operatively connected . 
model 120 ( e.g. , to perform parallel classification across The memory 154 can include one or more non - transitory 
multiple instances of different inputs ) . computer - readable storage mediums , such as RAM , ROM , 

Additionally or alternatively , one or more machine- EEPROM , EPROM , flash memory devices , magnetic disks , 
learned models 140 can be included in or otherwise stored etc. , and combinations thereof . The memory 154 can store 
and implemented by the server computing system 130 that 55 data 156 and instructions 158 which are executed by the 
communicates with the user computing device 102 accord- processor 152 to cause the training computing system 150 to 
ing to a client - server relationship . For example , the perform operations . In some implementations , the training 
machine learned models 140 can be implemented by the computing system 150 includes or is otherwise implemented 
server computing system 140 as a portion of a web service by one or more server computing devices . 
( e.g. , an image classification service ) . Thus , one or more 60 The training computing system 150 can include a model 
models 120 can be stored and implemented at the user trainer 160 that trains the machine learned models 120 
computing device 102 and / or one or more models 140 can and / or 140 stored at the user computing device 102 and / or 
be stored and implemented at the server computing system the server computing system 130 using various training or 
130 . learning techniques , such as , for example , backwards propa 
The user computing device 102 can also include one or 65 gation of errors . In some implementations , performing back 

more user input component 122 that receives user input . For wards propagation of errors can include performing trun 
example , the user input component 122 can be a touch- cated backpropagation through time . The model trainer 160 
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can perform a number of generalization techniques ( e.g. , device , such as , for example , one or more sensors , a context 
weight decays , dropouts , etc. ) to improve the generalization manager , a device state component , and / or additional com 
capability of the models being trained . In another example , ponents . In some implementations , each application can 
the model trainer 160 can perform reinforcement learning communicate with each device component using an API 
techniques in which a reward is provided based on an action 5 ( e.g. , a public API ) . In some implementations , the API used selected through application of a policy . by each application is specific to that application . 

In particular , the model trainer 160 can train the machine- FIG . 4C depicts a block diagram of an example comput 
learned models 120 and / or 140 based on a set of training ing device 195 according to example embodiments of the 
data 162. The training data 162 can include , for example , present disclosure . The computing device 195 can be a user 
inputs that are labeled with a ground truth classification . The 10 computing device or a server computing device . 
inputs can be image inputs , text inputs , and / or audio inputs . The computing device 195 includes a number of appli 
In some implementations , the ground truth classification can cations ( e.g. , applications 1 through N ) . Each application is 
apply to the input as a whole ( e.g. , not to certain respective in communication with a central intelligence layer . Example 
portions of the input ) . applications include a text messaging application , an email 

In some implementations , if the user has provided con- 15 application , a dictation application , a virtual keyboard appli 
sent , the training examples can be provided by the user cation , a browser application , etc. In some implementations , 
computing device 102. Thus , in such implementations , the each application can communicate with the central intelli 
model 120 provided to the user computing device 102 can be gence layer ( and model ( s ) stored therein ) using an API ( e.g. , 
trained by the training computing system 150 on user- a common API across all applications ) . 
specific data received from the user computing device 102. 20 The central intelligence layer includes a number of 
In some instances , this process can be referred to as per- machine learned models . For example , as illustrated in FIG . 
sonalizing the model . 4C , a respective machine learned model ( e.g. , a model ) can 

The model trainer 160 includes computer logic utilized to be provided for each application and managed by the central 
provide desired functionality . The model trainer 160 can be intelligence layer . In other implementations , two or more 
implemented in hardware , firmware , and / or software con- 25 applications can share a single machine learned model . For 
trolling a general purpose processor . For example , in some example , in some implementations , the central intelligence 
implementations , the model trainer 160 includes program layer can provide a single model ( e.g. , a single model ) for all 
files stored on a storage device , loaded into a memory and of the applications . In some implementations , the central 
executed by one or more processors . In other implementa- intelligence layer is included within or otherwise imple 
tions , the model trainer 160 includes one or more sets of 30 mented by an operating system of the computing device 195 . 
computer - executable instructions that are stored in a tan- The central intelligence layer can communicate with a 
gible computer - readable storage medium such as RAM hard central device data layer . The central device data layer can 
disk or optical or magnetic media . be a centralized repository of data for the computing device 

The network 180 can be any type of communications 195. As illustrated in FIG . 4C , the central device data layer 
network , such as a local area network ( e.g. , intranet ) , wide 35 can communicate with a number of other components of the 
area network ( e.g. , Internet ) , or some combination thereof computing device , such as , for example , one or more sen 
and can include any number of wired or wireless links . In sors , a context manager , a device state component , and / or 
general , communication over the network 180 can be carried additional components . In some implementations , the cen 
via any type of wired and / or wireless connection , using a tral device data layer can communicate with each device 
wide variety of communication protocols ( e.g. , TCP / IP , 40 component using an API ( e.g. , a private API ) . 
HTTP , SMTP , FTP ) , encodings or formats ( e.g. , HTML , 
XML ) , and / or protection schemes ( e.g. , VPN , secure HTTP , Example Methods 
SSL ) . 
FIG . 4A illustrates one example computing system that FIG . 5 depicts a flow chart diagram of an example method 

can be used to implement the present disclosure . Other 45 to perform according to example embodiments of the pres 
computing systems can be used as well . For example , in ent disclosure . Although FIG . 5 depicts steps performed in 
some implementations , the user computing device 102 can a particular order for purposes of illustration and discussion , 
include the model trainer 160 and the training dataset 162 . the methods of the present disclosure are not limited to the 
In such implementations , the models 120 can be both trained particularly illustrated order or arrangement . The various 
and used locally at the user computing device 102. In some 50 steps of the method 500 can be omitted , rearranged , com 
of such implementations , the user computing device 102 can bined , and / or adapted in various ways without deviating 
implement the model trainer 160 to personalize the models from the scope of the present disclosure . 
120 based on user - specific data . At 501 , a computing system can train a machine learned 
FIG . 4B depicts a block diagram of an example comput- classification model . For example , the machine - learned clas 

ing device 190 according to example embodiments of the 55 sification model can have the structure illustrated and dis 
present disclosure . The computing device 190 can be a user cussed with reference to FIGS . 1 , 2 , and / or 3 . 
computing device or a server computing device . In one example , training the model at 501 can include 
The computing device 190 includes a number of appli- training the machine learned classification model in mul 

cations ( e.g. , applications 1 through N ) . Each application tiple stages . As one example , at a first stage , the computing 
contains its own machine learning library and machine- 60 system can jointly train the representation model and the 
learned model ( s ) . For example , each application can include classification model using a first objective function . For 
a machine learned model . Example applications include a example , the first objective function can evaluate a differ 
text messaging application , an email application , a dictation ence between a ground truth classification label for the input 
application , a virtual keyboard application , a browser appli- and the respective classification data produced for each of 
cation , etc. 65 the plurality of portions of the input . 
As illustrated in FIG . 4B , each application can commu- As another example , at a second stage , the computing 

nicate with a number of other components of the computing system can train the attention model using a second objec 
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tive function . For example , the second objective function While the present subject matter has been described in 
can evaluate an ability of the attention model to select the detail with respect to various specific example embodiments 
attended portions according to a confidence ordering that is thereof , each example is provided by way of explanation , 
based on the respective classification data produced by the not limitation of the disclosure . Those skilled in the art , upon 
classification model . 5 attaining an understanding of the foregoing , can readily 
As another example , at a third stage that follows the first produce alterations to , variations of , and equivalents to such 

stage and the second stage , the computing system can train embodiments . Accordingly , the subject disclosure does not 
the machine learned classification model using a third objec preclude inclusion of such modifications , variations and / or 
tive function . For example , the third objective function can additions to the present subject matter as would be readily 
be or include a reward function that provides a reward with 10 apparent to one of ordinary skill in the art . For instance , 
magnitude based on whether a final classification produced features illustrated or described as part of one embodiment 

can be used with another embodiment to yield a still further from the respective predictions matches a ground truth embodiment . Thus , it is intended that the present disclosure classification for the input . cover such alterations , variations , and equivalents . After training the model , the computing system can Although the models described herein have been dis deploy the model for inference ( e.g. , which can include cussed primarily with reference to classification , they can performance of blocks 502-510 ) . also be applied to other machine learning tasks including At 502 , the computing system can obtain an input that other computer vision or image processing tasks such as includes a plurality of portions . At 504 , the computing object detection , facial recognition , or similar tasks . system can input the input into the machine learned classi 
fication model . At 506 , the computing system can receive , at What is claimed is : each of one or more iterations , a respective prediction as an 
output of the machine - learned model . 1. A computer system that performs classification with 

hard attention , the computer system comprising : At 508 , the computing system can generate a final clas 
sification based at least in part on the respective prediction 25 a machine learned classification model , comprising : 
received at each of the one or more iterations . As one a representation model configured to receive and pro 
example , generating the final classification can include aver cess an input that comprises a plurality of portions to 
aging the respective predictions received for the one or more generate a plurality of sets of features respectively 
iterations to obtain an averaged prediction ; and selecting a for the plurality of portions of the input ; 
highest scoring class from the averaged prediction as the 30 a classification model configured to receive and process 
final classification . Other combinations of the respective the plurality of sets of features to generate respective 
predictions can be performed as well . For example , a highest classification data for each of the plurality of por 
scoring class can be selected and then only the attended tions of the input ; and 
portions associated with such class can be provided for use an attention model configured to receive and process as the final classification . In yet another example , a second , 35 the plurality of sets of features to select , at each of more powerful classification model can be applied to an one or more iterations , an attended portion of the additional input generated through extraction and aggrega plurality of portions of the input ; tion of the attended portions ( e.g. , only the portions of the 
original input image that were selected ) to generate the final wherein , at each of the one or more iterations , the 
classification . The second model can operate on each 40 machine learned classification model is configured 
attended portion individually and / or on the aggregate addi to output a respective prediction that comprises the 
tional input . respective classification data for the attended portion 

At 510 , the computing system can provide hard attention of the input selected by the attention model at such 
data associated with the final classification for display to a iteration ; 
user . For example , the hard attention data can identify the 45 one or more processors ; and 
attended portions of the input selected at each of the one or one or non - transitory computer - readable media that store 
more iterations . As one example , FIG . 6 illustrates an instructions that , when executed by the one or more 
example input image 600. A final classification of ' Indian processors cause the computer system to perform 
Cobra ' has been generated from the image 600 , with hard operations , wherein the operations comprise : 
attention shown via boxes around the relevant attended 50 obtaining the input that comprises the plurality of image portions . portions ; 

Additional Disclosure inputting the input into the machine learned classifica 
tion model ; and 

The technology discussed herein makes reference to serv- 55 receiving , at each of the one or more iterations , the 
ers , databases , software applications , and other computer respective prediction as an output of the machine 
based systems , as well as actions taken and information sent learned classification model . 
to and from such systems . The inherent flexibility of com 2. The computer system of claim 1 , wherein the opera 
puter - based systems allows for a great variety of possible tions further comprise : 
configurations , combinations , and divisions of tasks and 60 generating a final classification , wherein generating the functionality between and among components . For instance , final classification comprises : processes discussed herein can be implemented using a 
single device or component or multiple devices or compo averaging the respective predictions received for the 
nents working in combination . Databases and applications one or more iterations to obtain an averaged predic 
can be implemented on a single system or distributed across 65 tion ; and 
multiple systems . Distributed components can operate selecting a highest scoring class from the averaged 
sequentially or in parallel . prediction as the final classification . 
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3. The computer system of claim 1 , wherein the opera- at a second stage , training the attention model using a 
tions further comprise : second objective function ; and 

providing hard attention data for display to a user , wherein at a third stage that follows the first stage and the second 
the hard attention data identifies the attended portions stage , training the machine learned classification 
of the input selected at each of the one or more model using a third objective function . 
iterations . 13. The computer system of claim 12 , wherein the first 

4. The computer system of claim 1 , wherein the attention objective function evaluates a difference between a ground 
model comprises : truth classification label for the input and the respective 

an attention network configured to receive and process the classification data produced for each of the plurality of 
10 portions of the input . plurality of sets of features to produce an intermediate 

attention representation ; and 14. The computer system of claim 12 , wherein the second 
objective function evaluates an ability of the attention model a saccader cell that is configured to , at each of the one or to select the attended portions according to a confidence more iterations : ordering that is based on the respective classification data obtain the intermediate attention representation ; 15 produced by the classification model . 

obtain a cell state associated with a most recent itera 15. The computer system of claim 12 , wherein the third 
tion , wherein the cell state identifies portions that objective function comprises a reward function that provides 
have been selected as attended portions in previous a reward with magnitude based on whether a final classifi 
iterations ; cation produced from the respective predictions matches a 

combine the intermediate attention representation and 20 ground truth classification for the input . 
the cell state associated with the previous iteration to 16. The computer system of claim 1 , wherein the one or 
produce a location probability distribution over the more iterations comprise a plurality of iterations . 
plurality of portions of the input ; 17. A computer - implemented method comprising : 

select the attended portion based on the location prob- obtaining , by a computing system comprising one or more 
ability distribution ; and computing devices , an input that comprises a plurality 

update the cell state for use in a next iteration based on of portions ; 
the attended portion . inputting , by the computing system , the input into a 

5. The computer system of claim 4 , wherein the attention machine learned classification model , wherein the 
network is configured to : machine learned classification model comprises : 

receive an intermediate classification representation pro- 30 a representation model configured to receive and pro 
duced by the classification model ; and cess an input that comprises a plurality of portions to 

produce the intermediate attention representation based at generate a plurality of sets of features respectively 
least in part on the plurality of sets of features and the for the plurality of portions of the input ; 
intermediate classification representation . a classification model configured to receive and process 

6. The computer system of claim 4 , wherein the saccader 35 the plurality of sets of features to generate respective 
cell is configured to combine the intermediate attention classification data for each of the plurality of por 
representation and the cell state associated with the previous tions of the input ; and 
iteration such that the location probability distribution is an attention model configured to receive and process 
effectively zero for portions that have been selected as the plurality of sets of features to select , at each of 
attended portions in previous iterations . one or more iterations , an attended portion of the 

7. The computer system of claim 1 , wherein the input plurality of portions of the input ; 
comprises an image and wherein the plurality of portion of wherein , at each of the one or more iterations , the 
the input comprise a plurality of patches of the image . machine learned classification model is configured 

8. The computer system of claim 7 , wherein the plurality to output a respective prediction that comprises the 
of patches of the image are at least partially overlapping . respective classification data for the attended portion 

9. The computer system of claim 1 , wherein the input of the input selected by the attention model at such 
comprises a textual input descriptive of text , an audio input iteration ; and 
descriptive of audio , or sensor data input descriptive of data receiving , by the computing system , at each of the one or 
generated by one or more sensors . more iterations , the respective prediction as an output 

10. The computer system of claim 1 , wherein the repre- 50 of the machine learned classification model . 
sentation model comprises a first convolutional neural net- 18. The method of claim 17 , wherein the method further 
work , the classification model comprises a second convo- comprises : 
lutional neural network , and the attention model comprises generating , by the computing system , a final classifica 
a third convolutional neural network . tion , wherein generating the final classification com 

11. The computer system of claim 1 , wherein the respec- 55 prises : 
tive classification data produced by the classification model averaging , by the computing system , the respective 
for each of the plurality of portions of the input comprises predictions received for the one or more iterations to 
a logit vector that provides values for each of a number of obtain an averaged prediction ; and 
candidate classification labels . selecting , by the computing system , a highest scoring 

12. The computer system of claim 1 , wherein the opera- 60 class from the averaged prediction as the final clas 
tions further comprise training the machine learned classi sification . 
fication model in multiple stages , wherein training the 19. The method of claim 17 , wherein the method further 
machine learned classification model in multiple stages comprises : 
comprises : providing , by the computing system , hard attention data 

at a first stage , jointly training the representation model 65 for display to a user , wherein the hard attention data 
and the classification model using a first objective identifies the attended portions of the input selected at 
function ; each of the one or more iterations . 

40 
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20. One or more non - transitory computer - readable media 
that store instructions that , when executed by a computing 
system comprising one or more computing devices cause the 
one or more computing devices to perform operations , the 
operations comprising : 

obtaining , by the computing system , an input that com 
prises a plurality of portions ; 

inputting , by the computing system , the input into a 
machine learned classification model , wherein the 
machine learned classification model comprises : 
a representation model configured to receive and pro 

cess an input that comprises a plurality of portions to 
generate a plurality of sets of features respectively 
for the plurality of portions of the input ; 

a classification model configured to receive and process 15 
the plurality of sets of features to generate respective 
classification data for each of the plurality of por 
tions of the input ; and 

an attention model configured to receive and process 
the plurality of sets of features to select , at each of 20 
one or more iterations , an attended portion of the 
plurality of portions of the input ; 

wherein , at each of the one or more iterations , the 
machine learned classification model is configured 
to output a respective prediction that comprises the 25 
respective classification data for the attended portion 
of the input selected by the attention model at such 
iteration ; and 

receiving , by the computing system , at each of the one or 
more iterations , the respective prediction as an output 30 
of the machine learned classification model . 

* * * 


